Early warning signals (EWS) are statistical indicators that a rapid regime shift may be 2 forthcoming. Their development has given ecologists hope of predicting rapid regime shifts 3 before they occur. Accurate predictions, however, rely on the signals being appropriate to 4 the system in question. Most of the EWS commonly applied in ecology have been studied 5 in the context of one specific type of regime shift (the type brought on by a saddle-node 6 bifurcation, at which one stable equilibrium point collides with an unstable equilibrium and 7 disappears) under one particular perturbation scheme (temporally uncorrelated noise that 8 perturbs the net population growth rate in a density independent way). Whether and when 9 these EWS can be applied to other ecological situations remains relatively unknown, and 10 certainly underappreciated. We study a range of models with different types of dynamical 11 transitions (including rapid regime shifts) and several perturbation schemes 12 (density-dependent uncorrelated or temporally-correlated noise) and test the ability of 13 EWS to warn of an approaching transition. We also test the sensitivity of our results to 14 the amount of available pre-transition data and various decisions that must be made in the 15 analysis (i.e. the rolling window size and smoothing bandwidth used to compute the EWS). 16 We find that EWS generally work well to signal an impending saddle-node bifurcation, 17 regardless of the autocorrelation or intensity of the noise. However, EWS do not reliably 18 appear as expected for other types of transition. EWS were often very sensitive to the 19 length of the pre-transition time series analyzed, and usually less sensitive to other 20 decisions. We conclude that the EWS perform well for saddle-node bifurcation in a range 21 of noise environments, but different methods should be used to predict other types of 22 regime shifts. As a consequence, knowledge of the mechanism behind a possible regime 23 shift is needed before EWS can be used to predict it.
Introduction one of two stable states, and where incremental external changes will soon cause the 48 system to cross a bifurcation (specifically a saddle node, also known as a fold, bifurcation) 49 where the current state and an unstable equilibrium point merge and disappear. Loss of 50 the current stable state will force the system to shift to the other stable state. A stable 51 equilibrium is characterized by a positive rate of return following a local perturbation, and 52 this rate approaches zero as the system nears a bifurcation at which the equilibrium 53 using additive white noise, we conclude that EWS performance is highly sensitive to noise type. Together, our results reemphasize the need for the mechanisms underlying a possible 136 regime shift to be understood first, before EWS can be applied and properly interpreted 137 (Boettiger et al 2013) . 138 Methods 139 Simulations 140 We begin by reanalyzing the models studied by Kéfi et al (2012) for a different noise type 141 (multiplicative noise, as described below). These models include a well-known example of a 142 saddle node bifurcation (Noy-Meir 1975 , May 1977 , Ludwig et al 1978 (table 1 To each of these models, we incorporated multiplicative, red-shifted Gaussian noise 153 representing autocorrelated environmental stochasticity. The stochastic models each have 154 the general form,
where N is population density (for one-dimensional models) or a vector of population 156 densities, f (N) is the deterministic skeleton of the model as shown in table 1, and ε(t) is a population density. Kéfi et al (2012) used a common alternative, so-called "additive noise,"
in which the random variable is added to the deterministic skeleton: dN dt = f (N) + ε(t).
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Additive noise represents random perturbations whose impact is independent of population We write ε(t) in Eq. (1) as an Ornstein-Uhlenbeck process with derivative,
where ξ is the Gaussian white noise with zero mean and unit variance, σ is the noise 167 intensity, and τ is the correlation time of the Ornstein-Uhlenbeck process. The 168 autocorrelation function for ε is,
Although we focus on red-shifted noise (τ > 0) in this article, we briefly also consider the 170 case of white noise, which occurs when τ → 0. 196 We simulated all models across a range of red-shifted noise environments by using 197 various combinations of σ and τ , as given in the "Ranges" columns of table 2. We then 
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This allows us to assess the effect of red-shifted noise independently from our use of 205 multiplicative perturbations.
206 Table 1 . Deterministic base models, parameters descriptions, and values used. For each model, the control parameter is shown with a range of values. To move the system across the bifurcation or other transition point, we gradually varied the control parameter across this range. To explore stochastic switching, we fixed all parameters including the control parameter; the fixed value used for the control parameter is shown in parentheses.
Deterministic skeleton Parameters Values
[1] Saddle node (fold) bifurcation: [5] Bifurcation without CSD: (156) [6] No transition:
K -carrying capacity 1.9 r -maximum growth rate 1 c -maximum grazing rate 1−3 b -half saturation constant 1
[7] Sharp transition without bifurcation: Table 1 . For each model, there are up to 2 possible causes for transitions: a change in parameter values (∆Param) or stochastic switching (Stoch). For each transition, we list the classification according to figure 1a and specify which phenomena are present (Bif = bifurcation; RRS = rapid regime shifts; CSD = critical slowing down). We state whether the early warning signals (EWS: variance (Var.) and lag-1 autocorrelation (AC)) consistently rises in advance of the transition, based on analysis of the longest possible pre-shift time series, a rolling window of 50% the time series length, and a bandwidth of 5. Lastly, we report whether these are sensitive to window size (window), time series length (length), or bandwidth (bandw). Other abbreviations: transcr = transcritical, pitch = pitchfork.
EWS for models with white noise (τ → 0) τ → 0), both variance and autocorrelation usually rose in advance of a transition caused by 
Percent with EWS rise before transition Figure 6 . Histograms showing the percentage of simulations that showed a rise in variance or autocorrelation before a transition when models were simulated under multiplicative white noise. Parameter values as in figure 2.
[6]
[ Figure 7 . Graphical summary of all results, using the same Venn diagram as in figure 1a . (a) Our results using multiplicative colored noise; (b) our results using multiplicative white noise; (c) results reported for additive white noise in Kéfi et al (2012) . For the purposes of summarizing our results, we say "EWS observed" if both variance and autocorrelation rose in ≥ 40% of σ, τ combinations (panel a) or σ values (panel b) that we examined. Numbers in square brackets refer to model numbers. Models numbers inside dots behaved as expected: both EWS consistently rose in advance of a transition with CSD ("EWS expected") or failed to rise in advance of a transition without CSD ("EWS not expected"). Models inside X-shaped symbols did not behave as expected. Gray shapes mark all cases where a rise in both variance and autocorrelation was observed, and black shapes mark cases where one or both signals did not consistently rise. If the EWS only behaved as expected, the CSD circle would contain only gray dots, and all shapes outside this circle would be black dots. Note that Kéfi et al (2012) did not consider our model [5] nor any cases of stochastic switching, so those points are not depicted in (c). Note also that while Kéfi et al (2012) did report EWS in model [6] , they observed the EWS rise outside the range of the control parameter that we used here; therefore, we mark [6] as "EWS not observed" in (c) for a proper comparison against our results.
Discussion
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Our analyses showed both surprising positive and surprising negative results. With presence of additive and multiplicative noise was also reported by Kuehn (2013) . It 287 therefore appears that the performance of EWS is more sensitive to noise color (temporal 288 autorcorrelation) than to the exact way stochasticity enters into the model.
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Encouragingly, we found that EWS are robust indicators of an impending fail to predict an approaching fold in some instances of anisotropic perturbations (i.e. noise 298 that affects some components of the system more strongly than others; Boerlijst et al 299 2013). We are not, therefore, suggesting that EWS will universally warn of fold 300 bifurcations. Still, we find it encouraging and interesting that they worked so well under 301 multiplicative red and white noise. While red-shifted noise obviously affects population 302 autocorrelation, it does not appear to interfere with the trend in autocorrelation that 303 signals an approaching transition due to a fold bifurcation.
304
In contrast, these EWS appear unreliable in the context of other kinds of 305 transitions. We expected the EWS to rise in advance of any transition with CSD but for 306 models [2]-[4], we only saw this rise for white noise. Red-shifted noise did appear to 307 interfere with the use of autocorrelation as an EWS for models [3] and [4] (see "change in 308 control parameter" bars, figure 2 (red noise) versus figure 6 (white noise)). However, for model [2] , and to a lesser extent [4] , it was variance that failed to rise under red noise.
